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WPS and CMF analysis of FL 153924 led to several potential plumes. The 

strongest appeared in the benzene detection plane for both WPS and CMF. The linescan 

image provided sufficient context to determine that the potential plume was directly over 

a large chemical storage tank. The results of the classification map based on the benzene 

detection plane proved a strong plume beyond 3', see Figure 129. The same constrained 

linear regression was applied to the mean plume pixel as FL 105948. The library used 

was also identical. The regression result indicates a benzene plume. R
2
 is calculated at 

0.858 with an F-Statistic of 72. Visual comparison of the mean plume pixel and target 

spectrum illustrates the difference between background and plume pixel representing the 

major features of benzene between 8.5 µm and 11 µm, Figure 130. Benzene releases are 

indicated by the metadata for this site. The regression scores coupled with the strong 

WPS and CMF benzene detection, metadata, and contextual data, indicate the strong 

possibility for a benzene plume. 
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Figure 129. FL 153924 WPS Plume Detection 
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Figure 130. FL 153924 Spectral Identification of Benzene 

 

 

The AHI results demonstrate that WPS plume detection has equivalent results to a 

similar CMF based process. In some cases visualization and detection of the plume may 

be improved with the WPS. The combination of both the WPS and CMF detection planes 

can improve plume identification and its subsequent chemical identification. The SAM 

algorithm, as the results in Chapter 3 illustrate, was not effective in plume detection. The 

SAM result clearly demonstrates that the wavelet packet subspace does indeed transform 

the pixel spectrum into a subspace that more easily detects the target spectrum. 

Full identification through linear regression remains a separate topic and is not 

addressed by the WPS algorithm. The negative result of FL 150652 requires further study 

and a better understanding of the principal components approach used to detect the NH3 

plume in that case. 
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4.6 Validation of Atmospheric SO2 Detection and Identification in AIRS Data 

 

Linear regression techniques are typically applied to high spatial, low spectral 

resolution airborne hyperspectral data for gas identification. In a lower spatial resolution 

case such as AIRS, linear regression may not be the most suitable method for 

identification. Given the AIRS pixel resolution of 14 km, any pixel spectrum represents 

the mixing of gasses in over 196 km
2
. A linear regression would need to take into account 

all of the possible atmospheric constituents that may be present across that area. Even if 

such information is known, the error associated with such small relative quantities of gas 

would quickly negate any reasonable result. Modeling and calculating the atmosphere at 

this larger scale is best left to complex atmospheric models such as MODTRAN or 

LBLRTM and detailed atmospheric analysis. 

Many times gases are detected and identified in the atmosphere by examining the 

difference in brightness temperature of specific bands in the spectrum of interest. These 

bias difference methods take advantage of spectral absorption and emission features of 

the gas and are used for aerosol, particulate, and gas detection and identification [83; 84].  

For SO2, a simple approach would be to ratio the deep absorption at 7.35 µm with the 

significantly less absorption at 7.32 µm. This type of band math is commonly applied to 

quickly reveal features of interest.  

To validate our WPS detection of atmospheric SO2 we apply the bias difference 

methods applied by Carn in his measurement of volcanic SO2 from Mt Etna [81]. The 

results are visually compared. The two bias differences are 1285-1345 cm
-1

 (7.78-7.43 
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µm) and 1228-995cm
-1

 (8.14-10.05 µm), (BD1 and BD2 respectively). These bias 

differences are calculated with the brightness temperature for each wavelength. The 

difference between the two brightness temperatures results in the difference image. Each 

of the bias difference methods uses the difference between a region with a significant 

absorption feature and a region with no absorption. For completeness, pixel spectra for 

each suspected plume are compared to the target spectrum in Figure 134. 

AIRS 169 is the July 2003 Montserrat eruption. The WPS method and BD1 (1285-

1345 cm
-1

) agree very well. The BD2 (1228-995cm
-1

) image does not appear to perform 

well. The BD2 feature in the SO2 spectrum is significantly weaker than the BD1 feature. 

This particular SO2 plume has been identified with other sensors such as TOMS in the 

ultraviolet spectrum. This result demonstrates the WPS algorithm’s ability to detect SO2. 

In applying the WPS in this case, depth was selected adaptively as previously discussed. 

Additional target spectra were assessed for this scene, but none detected the plume as 

clearly as SO2. 
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Figure 131. AIRS Data Granule 169 SO2 Detection Comparison 

Top Left: WPS, Top Right: 1285-1345 cm
-1

, Bottom: 1228-995 cm
-1

 

 

 

AIRS 102 contains the June 29, 2003 Iraqi sulfur fire. Again the WPS and BD1 

methods detect the SO2 plume very well. In the BD2 method there is a small darker area 

that coincides with the SO2 plume of the other methods. Two of the three methods appear 

to agree on the location of SO2 while the BD2 case is marginal.  
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Figure 132. AIRS Data Granule 102 SO2 Detection Comparison 

Top Left: WPS, Top Right: 1285-1345 cm
-1

, Bottom: 1228-995 cm
-1
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AIRS 107 also contains the July 2, 2003 Iraqi sulfur fire event. In this case the 

WPS detection visually performs the best. The BD2 method has somewhat more contrast 

than the BD1 method near the source of the fire at Al-Mishraq.  

 

 

Figure 133. AIRS Data Granule 107 SO2 Detection Comparison 

Top Left: WPS, Top Right: 1285-1345 cm
-1

, Bottom: 1228-995 cm
-1
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In both the AIRS 102 and 107 cases, initial results with the WPS method were 

inconclusive. A more detailed examination led to the wavelet coefficients selected for 

target signature pattern matching. The nodes selected by the process were not identical to 

the nodes selected for AIRS 169.  Ten nodes were selected for 102 and 107, while six 

nodes were selected for 169. Two variables were identified that differed between the 

cases. 1) bad bands identified in AIRS metadata, and 2) atmospheric model runs 

(different run for each case). Both of these variables can change the target spectrum used 

for the best basis either by changing the wavelengths used or by changing the intensity of 

the spectral features. Since AIRS 169 was a proven case of SO2 detection, those nodes 

were applied to the other data sets to generate the results of Chapter 3. 

Examination of the nodes and coefficients also revealed that some nodes 

significantly drove the magnitude of the angle between the vectors. This is a common 

situation when examining the data in feature space. Eliminating those coefficients or 

normalizing the magnitude of the coefficients across the entire target vector, will mitigate 

this situation. Normalization of the coefficients across the vector will also ensure the 

information in the nodes selected is not lost. 
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Figure 134. Pixel Spectra for AIRS SO2 Detections 

 

 

Examination of the pixel spectra leads to quick confirmation of the SO2 plume in 

AIRS 169. AIRS 102 and AIRS 107 are less convincing. Linear regression was attempted 

on the AIRS spectra. Results were inconclusive and are not reported. The combination of 

the BD methods for 102 and 107 and SO2 detections by other sensors on these dates and 

at these locations [81] provides convincing evidence that this is an SO2 plume.  
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4.7 Computational Improvements and Issues 

 

Initial order of operations estimates for the CMF and WPS approach suggest that 

the number of operations for each approach are similar in magnitude. The total 

magnitudes are the same, but the difference occurs in the number of operations per pixel. 

For the CMF approach an inverse covariance matrix, ((N
3
), must be calculated once for 

the entire data cube. Then, a multiplication of that matrix against each pixel is performed, 

((N
3
) + ((m x n).   In the WPS approach, a wavelet packet decomposition is applied to 

each pixel, ((NLog(N)) for the decomposition, multiplied by the total number of pixels 

or ((NLog(N)) x (m x n).  

In the MatLab environment, this similar order of magnitude in operations did not 

equate to similar computational times. In general, wavelet decomposition times were at 

least an order of magnitude greater than the covariance matrix calculation. An AIRS 

CMF run took on the order of 2-4 minutes, while a similar WPS run was of the order 20-

30 minutes. The following were observed during processing: 

 

1. On a dual CPU processor, only a single processor was utilized for either CMF or 

WPS (multi-threading was enabled). 

2. The CPU that was utilized was not at full capacity during computation of the 

WPS. It was at full capacity for CMF. 

3. CMF required significantly more memory for computation (1.5 GB for CMF vs. 

400 MB for WPS). 
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4. There was a significant amount of disk activity during the WPS processing. 

 

The CMF processing times are not unexpected. All of the processing is performed 

in memory with significant operations reduced to large matrix multiplies and calculation 

of the pseudoinverse, both of which are memory and CPU intensive. CMF processing 

requires access to all of the data cube to perform its operations. Analyzing a data cube of 

500 MB will fill at least 500 MB of memory with the data alone. 

The WPS processing observations must be attributed to the MatLab environment. 

MatLab internal wavelet packet decomposition functions were used and the amount of 

background processing and bookkeeping performed is unknown. Since wavelet 

decomposition is a recursive matrix multiply, background processing, other bookkeeping, 

and multiple disk reads/writes are driving the computational time difference. 

Significant differences were also noted in computational time between a dual 64-bit 

PowerPC processor and a dual-core 32-bit Intel processor. In many cases the 32-bit Intel 

Processor was significantly faster in wavelet processing than the PowerPC processor. It’s 

assumed that the MatLab environment is optimized for one platform vice the other. In 

general, computational times on both a dual processor (dual-core) Intel platform and dual 

processor PowerPC platform were disappointing.  

Regardless of the computational time, the original objective of the research has 

been met. The WPS approach only requires access to one pixel of data at a time. The 

pixel-by-pixel method for trace gas detection has been demonstrated. This approach is an 

easily parallelizable problem. 
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4.8 Image Context and Visualization Aspects 

 

Analysis of both AHI and AIRS data required significant context to understand the 

results. In the AHI analysis, the first step was to identify the location of each flightline. 

Google Earth was used with aircraft GPS data to identity which flightline may be of 

interest. The other AHI metadata provided general locations and types of gases that may 

be present at specific facilities. Detailed examination of the location of a potential plume 

was required to determine if there was a source for the plume and if the identified gas 

was reasonable for that location. Again, Google Earth was used to get higher resolution 

imagery for areas of interest. 

AIRS image context was slightly different. Given its global coverage, the data and 

its results cover wide areas. Without some geospatial context, detection and identification 

leads to results with low utility. These results must be mapped to a location before the 

context can be understood. The detection images indicate SO2. But georegistering that 

result confirms that the SO2 is the Al-Mishraq sulfur fire. 

To facilitate context and understanding of the results, Google Earth is used to 

visualize the results of automated AIRS processing. CMF and WPS automated results are 

converted to KML files that can be opened in Google Earth. With the demanding 

computational time requirements in the prototype environment, weekly analysis of AIRS 

global data is performed. Results are pushed to a website where both georegistered 

images and KML files are available (www.earthintelligence.net). 
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5 Conclusions 

 

 

 

 

The WPS approach is a new method for the hyperspectral data analysis toolbox. 

The results demonstrate that the WPS approach can be used to detect and identify trace 

gases in the atmosphere. Since the WPS approach is a single pixel analysis method, it 

facilitates the parallelization of hyperspectral data analysis. This is a tremendous benefit 

over matched filter methods, which require calculation of the covariance matrix from the 

data population. A significant benefit of this single pixel approach is its potential 

application real-time collection and analysis systems. The original research goals were to: 

 

1. develop a wavelet packet hyperspectral detection method, and 

2. develop an easily parallelizable method for trace gas detection in spectral data. 

 

By demonstrating that the WPS approach performs as well as state-of-the-art gas 

detection methods, both goals #1 and #2 have been met.  

 

5.1 Wavelet Packet Subspace for Spectral Trace Gas Detection 

 

The results demonstrate that in both simulated and real hyperspectral and ultra-

spectral data the WPS approach can detect trace gases. When compared to state-of-the-art 
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algorithms, WPS performance is comparable to and in some case exceeds those 

algorithms. This performance is consistently demonstrated in all three types of data 

through both statistical and visual methods. The AHI and AIRS results demonstrate that 

in both the high-spatial/low-spectral resolution and low-spatial/high-spectral resolution 

case, the WPS approach performs well. This is due to the target-based detection and 

adaptive best-basis approach that are implicit in the WPS method. 

The initial selection of the Daubechies 2 mother wavelet followed a quantitative 

and qualitative selection process. Pure numerical results of the process led to a general 

direction for selection of the mother wavelet. The pragmatic results demonstrated that 

Daubechies 2 would perform best as the mother wavelet.  

Selection of the L1 Norm as the cost function for the best-basis was much more 

subjective. The pragmatic results also indicated this cost function would perform well. 

Best-basis selection will require more study.  

The WPS approach finds an orthogonal subspace that best represents the target of 

interest. In doing so it implicitly suppresses background contributions of the scene. This 

approach parallels the fundamental problem in hyperspectral gas detection, separation of 

the target from the background. 

 

5.2 Computational Improvements 

 

The order of operations for the WPS is comparable to state-of-the-art detection 

methods. Of significant difference is the pixel based approach of WPS. This approach 
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transforms the memory intensive processing of matched filter techniques into an easily 

parallelizable problem. This EPP is a much more appropriate solution to real-time 

spectral collection and analysis systems. Real-time systems can more easily make use of 

their multi-processor designs and architectures by simply transmitting and processing 

individual pixel vectors as opposed to very large matrices. 

 

5.3 Context & Visualization 

 

Hyperspectral analysis made significant use of Google Earth to provide context and 

visualization. Geospatial tools such as Google Earth are critical in developing high-

confidence results. Without geospatial context and/or high resolution imagery, 

atmospheric gas detections may make little sense. Validation of many of the results 

herein would not have been possible without geospatial context. Google Earth is now 

used as part of an automated detection process for AIRS data developed to implement the 

WPS approach.  

 

5.4 Future Research  

 

This work has applied a well known signal processing technique to hyperspectral 

data analysis. There are numerous variations in both orthogonal subspaces and cost 

functions that the wavelet packet subspace could apply. This work has focused on a basic 
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approach driven by the target characteristics of LWIR hyperspectral data. Future research 

in this area will include: 

 

1. Application of the WPS to more LWIR data with different spectral and spatial 

resolutions, 

2. Application of the WPS to reflective hyperspectral data analysis, 

3. Further study of wavelet selection for reflective data, 

4. Study of different cost functions and their impact on algorithm, performance, and 

5. Implementation of the WPS on a high performance computing platform for real-

time hyperspectral analysis. 

 

It is hoped that this research encourages others in the hyperspectral community to 

examine the WPS approach and to use it for analysis of spectral data. 
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Appendix 1. Previous Wavelet Based Hyperspectral Analysis 

 

 

 

 

Experiment 1 performs classification of hyperspectral data using in-scene pixels as 

the target of interest. This case uses AVIRIS data of Moffett Field, CA in the reflective 

region of the electro-magnetic spectrum. A comparison is made of existing hyperspectral 

classification methods using reflectance values versus the same classification methods on 

Daubechies 4 discrete wavelet transform coefficients. This case also compares the impact 

of dimension reduction on classification methods. 

Experiment 2 uses an AIRS data set in the emissive region of the electro-magnetic 

spectrum. This data set is of the July 13, 2003 volcanic eruption in the Soufriere Hills of 

Montserrat. This experiment attempts to visually identify features in the data similar to 

how a Principal Components Analysis is used to identify dominant features in multi-

spectral or hyperspectral data. Experiment 2 attempts to detect the volcanic ash cloud in 

the data prior to identifying SO2 in the ash cloud. The detection step visually compares 

the ability of the DWT to a PCA to detect the ash cloud. 

Experiment 3 analyzes an application of the Discrete Wavelet Packet Transform 

(DWPT). The same AVIRIS data set from Experiment 1 is utilized. A pixel of grass and 

asphalt is linearly mixed to demonstrate the improvement in classification between 

spectral space and the DWPT.  
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Experiment 1: Reflective In-Scene Classification with DWT 

 

Using an AVIRIS data set of Moffett Field, CA, four types of pixels using literal 

information, water, grass (fairway grass), rooftop, and road surface (probably asphalt) are 

chosen. Figure 1is a close-up image of the regions chosen as known spectra. Figure 2 is a 

plot of the spectra for the known materials, blue-water, green-grass, magenta-rooftop, 

red-asphalt. These regions have been chosen for two reasons: 1) Spectral diversity, 

vegetation vs. non-vegetation, and water, 2) Image features. All four regions were easy to 

identify in image space. Once these regions were chosen, three classification methods are 

used to find additional pixels, which can be classified as one of the four regions of 

interest. 

 

 

Figure1. Moffet Field Regions of Interest  

(Blue - Water, Yellow - Roof, Magenta - Runway, Green - Grass) 
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Figure 2. Spectra for Regions of Interest  

(Blue - Water, Yellow - Roof, Magenta - Runway, Green - Grass) 

 

 

Classification methods come in two basic types, distance measures, and statistical 

measures. For this experiment we will use both distance measures, (Spectral Angle and 

Euclidean Distance) and a statistical measure (Spectral Matched Filter).  

The baseline classification maps for spectral angle, Euclidean distance, and 

matched filter are shown in leftmost column of Figure 3. The baseline case applies 

classification methods in spectral space using all the wavebands available. The fairway 

grass region in green is present in at least 3 other areas, which may also be golf courses. 

The rooftops in yellow clearly standout in the upper right as well as the asphalt region 

from the airport. The water region is spread out through the middle of the image.  
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Figure 3. Classification Map Comparison, Spectral Space, PCA, DWT 

 

 

In comparing the baseline cases we see that Euclidean distance finds the major 

roadway across the lower right of the image, while the other methods do not. The 

matched filter results highlights the airport features, and seems to provide a cleaner view 

of the golf course features. 

Classification maps for the principal components case are shown in the center 

column of Figure 3. These figures show the all bands case with no dimension reduction. 

In comparing this case to the baseline case, asphalt features show up more prominently in 

the spectral angle and Euclidean distance maps than in the baseline case. Although the 
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baseline case shows more asphalt around the rooftops in the upper right. Water features 

are much less prominent in this case. 

The matched filter results for this case (all bands) show some questionable results. 

Rooftop features appear to be miss-classified as asphalt, and two large features show up 

in the middle right portion of the image. These results may be due to Hughes Phenomena 

or an error in the processing. Water features are very dissimilar. 

The wavelet transform case classification maps (all bands) are shown in the 

rightmost column of Figure 3. The wavelet transform case shows excellent correlation 

with the baseline case. The asphalt features in all three classification methods are very 

similar, as are the water, rooftop, and grass. Reviewing raw tabulated data, wavelet 

results for spectral angle and Euclidean distance was excellent.  

In addition to these results, classification was also performed on a reduced 

dimensionality set of data. This step is typical of hyperspectral dimension reduction using 

PCA. Of the original 224 bands, reduced sets of 2, 4, 8,16, and 32 bands are used and the 

same classification methods are performed.  (Spectral matched filter compares only 16 

and all bands.) Results are tabulated in Table 1. Overall classification accuracy for all 

four regions (asphalt, grass, rooftop, water) is captured in the Overall result column.  
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Table 1. Euclidean Distance and Spectral Angle Comparison 

 

 

 

 

Experiment 2: Emissive In-Scene Detection with DWT 

 

Experiment 2 attempts to detect a volcanic ash cloud. A typical use of PCA in 

multi-spectral or hyperspectral data is to visually detect principal features in the data. In a 

reflective data set this may be water features, or roads, etc. The data set used in this 

experiment is AIRS data from a 2003 eruption in Montserrat. 

Bands Overall Commision Omission Overall Commision Omission

2 93.5 70.98 71.47 94.39 24.11 23.98

4 96.35 35.18 35.43 95.79 19.79 19.51

8 97.01 29 29.93 97.68 9.58 9.79

16 97.01 29 29.93 98.22 6.28 5.5

32 99.86 0.06 0 98.76 3.1 4.13

all 97 29.42 29.42 100 0 0

Bands Overall Commision Omission Overall Commision Omission

2 98.06 1.25 1.02 97.65 15.64 15.91

4 99.03 0.64 0.45 98.36 5.8 5.89

8 99.51 0.29 0.06 98.89 0.96 0.58

16 99.88 0 0.06 99.13 0.77 0.42

32 96.99 29.43 29.52 99.31 0.38 0.13

all 100 0 0 100 0 0

Bands Overall Commision Omission Overall Commision Omission

16 95.22 8.61 9.57 95.54 10.92 11.49

all 95.23 8.61 9.57 95.42 18.05 17.73

16 94.64 33.06 33.83 94.94 33.41 33.9

all 94.64 33.06 33.83 95.02 36.22 36.04

16 95.71 17.37 18.56 96.36 17.53 18.37

all 95.71 17.37 18.56 99.99 0 0

Compared to Baseline Spectral Matched Filter

PCA - Spectral Matched Filter

Wavelet Transform - Spectral Angle

Wavelet Transform - Euclidean Distance

Wavelet Transform - Spectral Matched Filter

Compared to Baseline Spectral Angle

PCA - Spectral Angle

PCA - Euclidean Distance

Compared to Baseline Euclidean Distance
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Various satellite sensors were able to capture the volcanic ash cloud as it traveled 

through the atmosphere. This included Landsat ETM, TOMS and AIRS. Volcanic Ash 

Clouds are a significant hazard to aviation and detection of volcanic sulfur dioxide is a 

method used to track the dispersion of volcanic ash. TOMS (Total Ozone Mapping 

Spectrometer) measured the sulfur dioxide content of the volcanic ash cloud, see Figure 

4. This data will be used to visually verify the ash cloud. 

 

 

Figure 4. TOMS SO2 Measurement of Soufriere Hills Eruption
4
 

 

 

 The AIRS data cube were both transformed by the PC rotation and wavelet 

transform. AIRS data includes topography and latitude/longitude for each pixel. This 

provided a reference point to aid in identifying where the source of the volcanic cloud. 

(This AIRS data cube is spatially inverted from typical geographic coordinates.) This 

data cube has no underlying land masses and has a complete ocean background. In 

browsing the PC cube we see no significant features in the first 100 bands. In browsing 

                                                
4
 http://toms.umbc.edu/ 



   

 183 

the DWT cube we see a stunning image in band 25. Comparing this to the TOMS image, 

we clearly see a shape similar to the SO2 cloud, see Figure 5.  

 

 

Figure 5.  Original Image, PCA, and DWT Results for Detection Compared 

Original Data (Left), PCA Rotation (Center), DWT Coefficients (Right)  

 

 

Experiment 3: Hyperspectral Classification with DWPT 

 

Experiment 3 uses the same AVIRIS data as Experiment 1. From this data 2 pixel 

spectra are selected: 1) grass and 2) asphalt. These spectra are linearly mixed from 0% 

(all asphalt) to 100% (all grass) in 5% increments (95% asphalt, 5% grass). Three 

classification metrics are used to compare results. Spectral Angle (SA: angle between n-

dimensional vectors), Euclidean Distance (ED: distance between n-dimensional vectors) 

Measure), and Pearson Product Moment Correlation (PMC: a linear regression 

coefficient). Spectral Angle and Euclidean Distance were chosen because of their 

widespread application in hyperspectral analysis. Pearson was chosen because it is 
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insensitive to the gain and offset variations that Spectral Angle (SA) and Euclidean 

Distance (ED) are subject to. 

 

 

Figure 6. Target and Background Spectrum 

 

 

As the pixels are linearly mixed, in Figure 6, they are classified against the target 

spectrum of grass. Thus at 100% grass all classification methods should show their 

maximum correlation, i.e. 0.0 for Spectral Angle, 0.0 for Euclidean Distance, and 1.0 for 

Pearson Product Moment Correlation (PMC). This classification is done in two spaces, 1) 

Spectral Space, 2) Wavelet Coefficient Space. In spectral space the classification is 

straightforward, the mixed pixel spectrum is compared to the target spectrum (grass), and 

a scalar value is calculated. 

In Wavelet Coefficient Space, a target based approach is used. A DWPT 

(Daubechies 5) is applied to the target spectrum, (grass spectrum). From this basis set, a 

best basis is chosen using Log Energy as a cost function
1,1

.  The same DWPT is applied 

to the mixed pixel spectrum. The best basis developed from the target spectrum is then 
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used to select wavelet coefficients from both the target spectrum and the mixed pixel 

spectrum. These two sets of wavelet coefficients are then compared using the three 

classification methods. 

 

 

Figure 7. Results Comparison No Noise Case 

 

 

The results in Figure 7 show SA and ED to be identical. PMC for low percentage of 

target material (0.0-0.3) shows better correlation for Wavelet Coefficients than in spectral 

space. This is not unexpected as the basis is chosen from the significant features of the 

target spectrum. This higher correlation indicates the asphalt spectrum has features that 

are very similar to the target (grass). In reviewing the two spectra, this is clear. The next 

set of results adds 5% of random noise to the mixed pixel, and then 30%. 

For the 5% noise case (Figure 8, left), Wavelet Coefficient Space demonstrates 

slight improvement for all classification methods. For the 30% case (Figure 8, right), the 

improvement in Wavelet Coefficient Space is much more pronounced. 
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Figure 8. Results Comparison 5% (Left) and 30% (Right) Random Noise Case 
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Appendix 2. Simulated Data Cube Images and Spectra 

 

 

 

 

 

Figure 1. Simulated Data Cube 1 
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Figure 2. Simulated Data Cube 2 
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Figure 3. Simulated Data Cube 2A 
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Figure 4. Simulated Data Cube 3 
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Figure 5. Simulated Data Cube 4 
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Figure 6. Simulated Data Cube 4A 
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Appendix 3. Additional Wavelet Selection Results 

 

 

 

 

 

Figure 1.  Wavelet Coefficient Statistics for AHI Wavelengths (Biorthogonal Wavelets) 

 

 

Figure 2. Wavelet Mode Image for AHI Wavelengths (Biorthogonal Wavelets) 
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Figure 3. Wavelet Coefficient Statistics for AIRS Wavelengths (Biorthogonal Wavelets) 

 

Figure 4. Wavelet Mode Image for AIRS Wavelengths (Biorthogonal Wavelets) 
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Figure 5.  Wavelet Coefficient Statistics for AHI Wavelengths (Orthogonal Wavelets 

Wavelets – All Spectra) 

 

 

Figure 6. Wavelet Mode Image for AHI Wavelengths (Orthogonal Wavelets – All 

Spectra) 
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Figure 7.  Wavelet Coefficient Statistics for AHI Wavelengths (Biorthogonal Wavelets 

Wavelets – All Spectra) 

 

Figure 8. Wavelet Mode Image for AHI Wavelengths (Biorthogonal Wavelets Wavelets – 

All Spectra) 
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Figure 9.  Wavelet Coefficient Statistics for AIRS Wavelengths (Orthogonal Wavelets 

Wavelets – All Spectra) 

 

Figure 10. Wavelet Mode Image for AIRS Wavelengths (Orthogonal Wavelets Wavelets 

– All Spectra) 
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Figure 11.  Wavelet Coefficient Statistics for AIRS Wavelengths (Biorthogonal Wavelets 

Wavelets – All Spectra) 
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Figure 12. Wavelet Mode Image for AIRS Wavelengths (Biorthogonal Wavelets 

Wavelets – All Spectra) 
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Appendix 4. Additional AIRS Results 

 

 

 

 

 

Figure 1. Scatter Plot for AIRS Data Granule 107 
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Figure 2. Histogram for AIRS Data Granule 107 

 

 

Figure 3. Plume SO2 Spectra Comparison for AIRS Data Granule 107 
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Appendix 5. Detection and Regression Libraries 

 

 

 

 

Table 1. Detection Library 

 

Chemical Name Chemical Formula Temperature

Benzene C6H6 25C

Butane C4H10 25C

Ethane C2H6 25C

Methane CH4 5C

Methane CH4 25C

Methane CH4 50C

Propane C3H8 5C

Propane C3H8 25C

Propane C3H8 50C

Ethene C2H4 25C

Isobutane C4H10 25C

Isoprene C5H8 5C

Isoprene C5H8 50C

Methylethylbutene C2H5C(CH3) 25C

Ammonia NH3 25C

Ammonia NH3 50C

Propene C3H6 25C

Sulfur Dixoide SO2 25C  
 

 

Table 2. Regression Library 

 

Chemical Name Chemical Formula Temperature

Benzene C6H6 25C

Butane C4H10 25C

Ethane C2H6 25C

Propane C3H8 25C

Methane CH4 25C

Ethene C2H4 25C

Isobutane C4H10 25C

Sulfur Dioxide SO2 25C
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